Assessment of climate change on any hydrological system requires higher temporal resolution at hourly or less in terms of time scale. This paper implements the Bartlett-Lewis Rectangular Pulses (BLRP) model coupled with a proportional adjusting procedure to disaggregate daily rainfall to hourly rainfall in order to demonstrate the reliability of this method. Three stations in northwestern England have been selected that represent different climates in the region. Parameters estimation of the BLRP model has been performed under different levels of hourly rainfall aggregation for a combination of rainfall statistics. The HYETOS model, which applies BLRP, reproduced standard statistics such as mean, variance, Lag-1, autocorrelation as well as dry proportions. Moreover, the model was proven to have the capability to disaggregate the rainfall extremes. The fitted BLRP model could then be used to disaggregate future daily rainfall in order to investigate the climate change impact of different rainfall intensities.
INTRODUCTION
Stochastic models have a wide range of application in fields such as flood risk estimation, river flow forecasting and water resources engineering. Many studies use the stochastic model for rainfall disaggregation from daily to sub-daily level for the purpose of flood design, although some of these methods are limited in their applications to specific rainfall conditions (Debele et al. ) .
Some of the hourly rainfall modelling in the literature makes use of the dry-wet structure of rainfall. In these approaches the rainfall occurrence and depth process are The BLRP model in its original form was applied strictly as a rainfall simulator (Pui et al. ) . It has since been modified with an appropriate adjusting procedure to be applied in rainfall disaggregation.
Many studies have examined the ability of the BLRP and how realistically it simulates rainfall variability and extremes. Rodriguez-Iturbe et al. (b) found that the BLRP model is able to reproduce some of the rainfall depth statistics and perform relatively well in regard to the extreme values of rainfall for different periods of aggregation, but they are less able to preserve the proportion dry UK and the USA, Koutsoyiannis & Onof () found that the BLRP model performed well in preserving the most important statistical properties of the rainfall process. Pui et al. () found that the BLRP model performed better on average than the cascade models for Sydney rainfall with a slightly inflated reproduction of dry proportions at an hourly scale. However, complications were encountered during the parameter estimation stage and the choice of statistics remains subjective. Hanaish et al. () 
CASE STUDY AND DATA COLLECTION
Three stations have been selected in northwestern England (NW) to represent three catchments or drainage areas with various climatic conditions: Tower Wood in the north (TW), Worthington in the middle (WN), and Worleston (WR) in the south (see Figure 1 ). The exposure of the NW region to westerly maritime air masses and the presence of extensive areas of high ground, especially in the TW area, mean that the region is considered as one of the wettest places in the UK.
Hourly rainfall data for the selected stations were obtained from the Environment Agency for England and Wales for the period 2000 -2008 in TW, for period 1999 -2010 in WN and for the period 1991-2010 in WR. The hourly data obtained (which is measured) was extracted from a data series that contains missing data sets. As calibration of the temporal disaggregation model requires only a small amount of hourly rainfall data at the same locations as the daily data being disaggregated, the small missing data sets are not going to affect the model calibration. Daily rainfall data were obtained from the daily recording rainfall gauges in the three locations.
BLRP MODEL STRUCTURE
The BLRP model assumes that the storm origins (T) occur according to the Poisson Process with rate λ and the cell origins (t) arrive following Poisson Process with rate β, as depicted in Figure 2 . The process of considering new cell origins terminates after a time (S), which is exponentially should be varying in the characteristics from storm to storm rather than consider them constant. Essentially, the effect of these parameters is that all storms have a common structure, but distinct storms occur on different (random) timescales.
The constant cell depth (X) is exponentially distributed with parameter 1/μ. Alternatively, it can be chosen as a two parameter gamma with mean, μ x and standard deviation, σ x .
The number of cells per storm has a geometric distribution of mean,
Koutsoyiannis & Onof ). In this paper, seven parameters have been used, namely λ, K, φ, α, v, μ x , σ x , as shown in 
ESTIMATION OF BLRP MODEL PARAMETERS
The parameters for the BLRP were estimated on a monthly basis, assuming local stationary within the month according to procedures set out in Koutsoyiannis & Onof () . The combination of all months cannot be considered in one model (Khaliq & Cunnane ) . Each month has different characteristics and rainfall pattern, so it was found to be better to model each month separately.
In general, the main fitting techniques used are moment, likelihood and Bayesian. The latter two are based on likelihood function, which cannot be obtained for models based on the Poisson cluster (Hanaish et al. ) . Therefore the method of generalised moments is the best choice to fit the BLRP model. The equations of the BLRP model are solved by equating the statistical feature of the historical rainfall with the theoretical one according to minimising sum of weighted squared errors criterion. That results in a set of non-linear equations that, in the current study, has been solved by employing the Newton optimisation algorithm.
So the theory behind the method of generalised moment is to find the parameters (θ) which minimise the objective function given by Equation (1): minimising sum of weighted squared errors:
Þ is a vector of unknown parameters of the rainfall statistics used for calibration, w i r represents the weights, T i the historical statistics obtained for the data and τ i θ ð Þ the theoretical model statistics as a function of θ.
The sensitivity of the statistical moments used to calibrate the model is still under investigation, however, for the seven parameters at least seven equations are needed, which should be obtained from historical data. The constant cell depth has been selected to be a two parameter gamma distributed with mean, μ x and standard deviation, σ x , which have been chosen to be equally in this study for the
The equation of the modified BLRP model relates the statistical properties of the rainfall to the seven BLRP parameters as given in Equations (2) Average rainfall depth at time scale h:
Variance of rainfall depth at time scale h:
and for k ! 1
Covariance of rainfall depth at time scale h:
where,
The probability that a period of length h is dry is given by:
where μ T is the average mean storm duration whose exact expression is given in Rodriguez-Iturbe et al. (a) and can be approximated to a third degree in k and φ by:
The above approximation for μ T has not been considered accurate enough and was corrected by Onof & Wheater () as follows: Then (level 1), the intensities of all cells and storms are generated and the resulting daily depths are calculated.
For each cluster of the wet days the generated synthetic daily depths (which simulated at hourly scale) should matched the sequence of original daily totals with a tolerance distance, d defined as:
where N i andÑ i are, the original and simulated daily totals at the rain gauge station, with L as the length of the sequence of wet days and c small constant (0.1 mm). If d is greater than acceptable limit, which is selected in this study to be 0. For all levels, the study used a total number of repetitions is 5,000 as maximum. A correction procedure, referred to as proportional adjustment, to make the generated hourly series fully consistent with given daily totals, is then applied based on Koutsoyiannis & Onof () . The proportional adjusting procedure modifies the initially generated values to get the modified values according to:
where N is the daily depth to be disaggregated.
RESULTS AND DISCUSSION
Performance of the temporal disaggregation model give good results when added. The difference between the two sets of statistics used in fitting the models as explained earlier due to equality of parameters μ x and σ x (leads to six parameters, so six statistics needed as in TW and WR but in WN seven statistics employed to improve the fitting). However, the assumption of randomisation still exists for the three stations which associated only with parameter η.
The values for these parameters were chosen for a certain tolerance limit in order for the solution to converge (see Table 1 ).
The weights used in these models have been taken as having a value of 1. This decision came after carrying out numerous trials for different statistics computed from the historical data using different values for the weights which were found to be unsatisfactory for the model fit. Table 5 shows an example of this fit for TW employing the corrected approximation, however no significant difference to the results was found. There was difference in the optimisation method as conjugate gradient yield better results than the Newton method which was used in the original approximation. So it is recommended for any future application of BLRP model to consider the correct approximation as it is not obvious that the difference between the two approximations will always have negligible effects.
Plots of the model fit (BLRP) and that produced from HYETOS against the observed data for each month in Onof & Wheater (1993) approximation of the mean storm duration confirm that the HYETOS model performed very satisfactorily and produced acceptable results, especially for the lag-1 autocorrelation.
Nevertheless, looking at the model results in terms of skewness, there is a significant underestimation for the hourly rainfall skewness in the months of July and August at TW and WN stations, respectively. This can be attributed to the fact that summer months normally have the highest rainfall variability and skewness. Results for the WR station tend to be best in reproducing the skewness property, which can be attributed to the nature of rainfall in the area, which is characterised by having lower intensity rainfall and shorter continuous wet days. WR station results are also a reflection of the effect of rainfall intensity on the disaggregation scheme. 9-11) .
Moreover, the randomised BLRP model brought an achievement for proportion dry at hourly and even for 24-hourly rainfall and slightly overestimated the 6-hourly aggregations for the three sites. Although the 6-hourly rainfall was not used in the fitting, but has shown a good agreement with the observed data as depicted by Figures 9-11 .
For the disaggregated rainfall BLRP model has tendency to underestimate autocorrelation lag-1 at scale of 6 hour for all sites, but reproduced it well for 24-hour scale (Figures 9-11 ). Whereas for the simulated rainfall at 6-hourly aggregations, the autocorrelation lag-1 was overestimated in TW and WR but not in WN. This may be attributed to the different statistics used in fitting the model. However for 24hourly scale rainfall BLRP model has found to underestimate the autocorrelation lag-1.
Effects of disaggregation on extreme rainfall
Extreme rainfall is considered one of the most important parameters used in the design of any hydrological system. So the ability of the HYETOS model to reproduce extreme values of rainfall has also been assessed in this study using a combined approach of Peak Over Threshold (POT) and
Generalised Pareto Distribution (Gilleland et al. ) . The combined approach, which uses the method of maximum likelihood to estimate the parameters of the Generalised Pareto Distribution, is programmed R Language and contained in software called extRemes. Figures 12-14 show plots of specified return period and corresponding computed hourly return level obtained by extRemes in the three studied stations. The plots demonstrate that HYETOS slightly overestimated the values of computed return levels; however, it was able to capture some features of the observed extremes at hourly scale. The thresholds selected to fit the observed and disaggregated models are not significantly different. For TW, the observed and disaggregated thresholds used were 1.3 and 2 mm, for WN they were 1.5 and 2 mm, and for WR they were 1.2 and 2 mm, respectively.
CONCLUSIONS
In this paper, the performances of the combined stochastic rainfall model (BLRP) and the daily rainfall disaggregator (HYETOS) for reproducing hourly rainfall are evaluated.
Historical rainfall data from three stations were used to assess the effect of different rainfall intensities on these models. Fitting of the BLRP model has been achieved by using a combination of different moments generated from the statistical properties of the historical rainfall data. 
